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Abstract 

The rapid growth of the green energy sector has produced a massive volume of textual data, creating significant challenges for information 

extraction and decision support. This study investigates the application of state-of-the-art Natural Language Processing (NLP) models, 

specifically BERT and GPT-4, to automate and enhance policy drafting, market analysis, and academic research clustering. We evaluated 

these models on a corpus of over 200,000 energy-related documents, using a structured computational workflow to measure performance 

on semantic coherence, factual reliability, and processing efficiency. The results demonstrate substantial improvements over manual 

methods. The AI-driven approach reduced policy drafting time by 39% and error rates by over 58%, while increasing semantic alignment 

to 93.5%. In market report synthesis, the models improved topic extraction accuracy by over 10% and reduced summary generation time 

by 38%. For academic literature, thematic clustering accuracy reached 92.3%, with a 44% reduction in processing time. These findings 

validate that fine-tuned NLP models can serve as powerful analytical tools in the sustainable energy domain, enabling institutions to 

navigate complex regulatory and technical information more effectively. By providing a practical demonstration of how automated NLP 

solutions can augment human expertise, this work contributes to the applied use of AI in achieving global green energy objectives, while 

also considering the associated methodological and ethical implications. 
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1. Introduction 

The global shift toward a green, low-carbon economy has led to an explosive growth of textual data from policy documents, market reports, 

and academic research. This information overload presents a significant challenge to effective data management and strategic planning. 

Traditional methods of processing and analysing this content are often insufficient, creating a need for novel approaches to extract valuable 

insights. In this context, AI-enabled text analysis and generation offer a transformative solution to navigate the complexities of the green 

energy sector [1]. Recent advancements in Natural Language Processing (NLP), particularly with transformer-based architectures like 

BERT and GPT, have fundamentally changed how unstructured text is processed. These models demonstrate powerful capabilities in text 

comprehension, summarisation, and generation, making them ideal for the interdisciplinary green energy domain. The potential for AI to 

analyse vast collections of policy documents, research articles, and market trends at scale can significantly enhance decision-making and 

accelerate innovation in renewable energy technologies [2]. 

This study explores the application of AI-driven text analysis in three critical areas. In policy development, AI can automate the review of 

extensive literature and stakeholder input, helping to draft more coherent and effective regulations. For market analysis, these tools can 
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identify trends and generate predictive reports to guide investment in renewable infrastructure [3]. In research and development, AI can 

help researchers manage the rapid influx of academic literature by clustering related studies and surfacing key insights, thereby improving 

the depth and accuracy of scientific inquiry [4]. However, the application of AI in this domain is not without challenges. Issues such as the 

factual accuracy of AI-generated content, biases inherited from training data, and ethical considerations like transparency and 

accountability must be addressed [5]. This paper aims to bridge the gap between the theoretical potential and practical application of AI in 

green energy. By systematically evaluating transformer-based models on a large corpus of domain-specific documents, this research 

investigates how AI can be leveraged to enhance knowledge extraction and support more informed, effective, and sustainable energy 

solutions [6]. 

2. Literature Review 

The application of artificial intelligence (AI) for processing textual data has gained significant momentum with the advent of advanced 

Natural Language Processing (NLP) models. These models have demonstrated remarkable performance in text analysis, synthesis, and 

generation, opening up new opportunities in complex, data-rich domains like green energy. The convergence of AI-powered text analysis 

and renewable energy presents a novel approach to solving challenges related to data overload, analytical inefficiency, and the need for 

insightful, timely decisions [7, 8]. 

2.1. Policy Analysis and Development 

A noteworthy application of NLP is in the analysis and development of energy policy. Government agencies produce vast quantities of text 

in the form of policies, regulations, and strategic plans. The manual review and interpretation of these documents is a labour-intensive 

process prone to human error. AI models offer a solution by automating the extraction of key insights and the analysis of trends within 

these extensive documents. This automation not only accelerates decision-making but also improves the accuracy and consistency of policy 

advice and formulation [9]. This automation extends beyond simple keyword searching to deep semantic understanding. Advanced NLP 

models can parse the complex legal and technical language embedded in policy documents, identify key stakeholders, and map out the 

relationships between different regulatory frameworks. For example, an AI system can analyse thousands of public comments on a 

proposed environmental regulation, group them by theme and sentiment, and present a concise summary to policymakers. This allows for 

a more comprehensive and data-driven approach to policy creation, ensuring that a wider range of perspectives is considered. Furthermore, 

the generative capabilities of models like GPT-4 can assist in the drafting process itself. By providing a model with a set of objectives and 

constraints, it can generate initial drafts of policy text, legislative summaries, or briefing notes. While human oversight remains essential 

for validation and refinement, this AI-assisted workflow can drastically reduce the time required to move from concept to a formal draft, 

freeing up policy analysts to focus on higher-level strategic thinking and negotiation rather than the mechanics of document creation [9]. 

2.2. Market Analysis and Strategic Investment 

From a market perspective, the renewable energy industry is a key destination for investment and innovation. Analysing textual data from 

market reports, financial analyses, and investment trends is crucial for stakeholders to make informed decisions. AI-enabled tools are highly 

effective at identifying patterns, predicting market trajectories, and generating comprehensive summary reports. These capabilities assist 

investors, policymakers, and private companies in strategic planning and identifying new opportunities within the dynamic renewable 

energy market [10]. These AI tools can ingest and process a diverse array of unstructured data sources in real-time, including financial 

news, corporate earnings reports, patent filings, and even social media chatter. By applying sentiment analysis and topic modelling, the 

systems can gauge market sentiment towards specific technologies (e.g., solar vs. hydrogen), identify emerging competitive threats, and 

detect early signals of regulatory shifts that could impact investments. This provides a level of market intelligence that is far more dynamic 

and comprehensive than periodic, manually compiled reports. The ultimate value for stakeholders lies in the ability to translate these 

insights into actionable strategies. An AI system can generate customised reports for different audiences, such as a risk assessment for an 

investment committee or a competitive landscape analysis for a product development team. By synthesising complex information into clear, 

data-backed narratives, these tools empower organisations to navigate the volatile energy market with greater confidence, optimise their 

investment portfolios, and capitalise on emerging opportunities before they become mainstream [10]. 

2.3. Knowledge Management in Academic Research 

Another critical application lies in knowledge management for renewable energy research. The rapid pace of technological advancement 

results in a continuous stream of scientific papers and technical reports. AI-driven text analysis can help researchers navigate this flood of 

information by automatically clustering similar studies, identifying emerging research themes, and synthesising information across 

different fields. This not only streamlines the knowledge discovery process but also fosters interdisciplinary collaboration and innovation 

[11]. For individual researchers or teams, this translates into a highly efficient method for conducting literature reviews. Instead of manually 

sifting through hundreds of papers, a researcher can use an AI tool to identify the most relevant articles, extract key findings, and even 

generate a structured summary of the current state of research on a specific topic. This capability dramatically accelerates the initial phases 

of a research project and helps prevent redundant efforts by ensuring researchers are aware of all relevant prior work. On a broader scale, 

these tools can perform meta-analysis of an entire field of research. By mapping the connections between thousands of academic papers, 

AI can identify influential studies, track the evolution of research trends over time, and pinpoint underexplored areas or research gaps. This 

"bird's-eye view" of the scientific landscape is invaluable for funding agencies seeking to direct resources toward the most promising areas, 

for universities developing new research programs, and for fostering the kind of interdisciplinary breakthroughs needed to solve complex 

energy challenges [11]. 

2.4. Challenges and Ethical Considerations 

Despite the potential, significant obstacles remain in applying AI-based text processing to green energy challenges. The performance of 

AI models is heavily dependent on the quality of training data, which can contain inherent biases or inaccuracies. Domain-specific 

customisation of these models is often required to ensure semantic congruence and accuracy. Furthermore, critical ethical and social 

concerns—including the transparency of AI-driven decisions and accountability for AI-generated content—must be addressed to ensure 
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responsible implementation [12][13][14][15]. The issue of bias is particularly pernicious. If a model is trained primarily on documents 

from one geographical region or on reports that favour a particular technology, its outputs will reflect those biases, potentially leading to 

inequitable policy recommendations or skewed market analyses. Mitigating this requires careful curation of training datasets to ensure they 

are balanced and representative, as well as ongoing audits of model performance to detect and correct for biased behaviour. This is a non-

trivial task that requires deep domain expertise in addition to technical skill. Moreover, the "black box" nature of many advanced NLP 

models raises serious questions about transparency and accountability. When an AI generates a policy summary or a market forecast, it 

can be difficult to trace exactly how it arrived at its conclusions. This lack of interpretability is problematic in high-stakes environments 

where decisions must be justifiable and legally defensible. Establishing clear lines of accountability for AI-generated content and 

developing methods for "explainable AI" (XAI) are critical prerequisites for building trust and ensuring these powerful tools are used 

responsibly and ethically in the public interest [12][13][14][15]. In summary, the literature demonstrates the transformative potential of 

AI-driven text analytics for the green energy sector. It also underscores the need for continued investigation into practical applications, 

domain-specific optimisation, and solutions to existing technical and ethical limitations. By addressing these challenges, AI can become 

an invaluable tool in advancing sustainable energy solutions and promoting data-informed governance. 

3. Methods  

This study employs a robust and systematic methodology to evaluate the application of AI-driven text analytics in the green energy sector. 

The approach integrates large-scale data engineering, advanced Natural Language Processing (NLP) with transformer-based models, and 

rigorous statistical validation. The entire framework was experimentally validated to ensure its practical viability, using parameters 

consistent with established academic research [2][3][6][12]. 
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3.4. Model Performance Validation 
The training process for both BERT and GPT-4 was profiled to validate learning stability and generalisation capacity. Key performance 

metrics, including training and validation loss, are summarised in Table 1. 
Table 1. Model Performance During Training Phase 

Model Training Loss (MSE) Validation Loss (MSE) Training Time (hrs) Epochs 

BERT 0.021 0.025 14.3 12 

GPT-4 0.034 0.037 18.7 10 

 

The low and stable loss values demonstrate that both models effectively learned from the semantically diverse green energy texts without 

significant overfitting, confirming their suitability for the subsequent analytical tasks [1], [7], [21], [22], [23]. 

3.5. Systematic Configuration of the NLP Pipeline 
To ensure the transparency and replicability of this study, the component-level configuration of the NLP pipeline is detailed in Table 2. 

This includes the specific libraries, architectural layers, and key parameters that governed the data processing and modelling workflow. 
Table 2. NLP Pipeline Configuration 

Component Library Used Parameters 

Tokenizer HuggingFace Tokenizers Max length: 512 

Vectorizer TF-IDF Top-K tokens: 5,000 

Embedding Layer Word2Vec (pretrained) Embedding Dim: 300 

Transformer Blocks Custom Encoders 4 layers, 8 heads, FFN Dim: 2048 

Output Layer Softmax Classifier Output: 2 semantic classes 

3.6. Dataset Composition and Stratification 
The 200,000-document corpus was stratified into five distinct categories to enable domain-specific fine-tuning and a nuanced evaluation 

of model performance. Table 3 provides a detailed breakdown of the dataset's composition, including the document count and average 

token length for each category. This stratified structure was essential for ensuring the models received adequate exposure to the varied 

syntax, terminology, and document styles prevalent across the green energy sector [4][5][9]. 
Table 3. Dataset Composition 

Document Type Count Avg Tokens 

Policy Reports 41,000 750 

Market Data Sheets 38,000 640 

Academic Articles 56,000 860 

Technical Standards 32,000 710 

Government Directives 33,000 800 

This structure ensured adequate model exposure to varied syntax, terminology, and document styles [4][5][9]. 

3.7. Algorithmic Frameworks for Task Execution 
To operationalise the core analytical tasks of this study—policy drafting, market report synthesis, and academic research clustering—we 

implemented three dedicated algorithmic workflows. These workflows leverage pretrained NLP models (GPT-4 and BERT) integrated 

within a modular Python-based orchestration layer, utilizing libraries such as HuggingFace Transformers, Scikit-learn, and PyTorch 

Lightning. Each algorithm was designed to optimize for semantic coherence, factual consistency, and computational efficiency by 

combining domain-specific preprocessing with transformer-based text processing and post-processing validation [6][9]. 

3.7.1. Policy Drafting Algorithm 
This workflow was designed to automate the synthesis of regulatory documents and sustainability frameworks. The process begins with 

embedding generation using GPT-4, followed by contextual prompt augmentation where domain-specific legal and technical terminology 

is injected. An initial draft is generated and then passed through a Named Entity Recognition (NER) layer to identify and validate key 

entities (e.g., institutions, metrics). A coherence scoring module then evaluates the logical structure of the text. Finally, a validation node 

determines if the draft is accepted or requires revision. This iterative process, illustrated in Figure 1 and 2, aligns with established practices 

in AI-assisted legal and regulatory document drafting [9]. 

 

Fig 1. Algorithmic workflow for ai-based policy draft generation and validation 
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Fig 2. Flowchart of the policy-drafting () function for automated policy summarisation 

3.7.2. Market Report Synthesis Algorithm 
The market synthesis algorithm employs a dual-model pipeline to generate coherent and insightful summaries of green energy market 

reports. Initially, a BERT-based model extracts domain-relevant keywords and topics related to tariffs, carbon markets, or investment 

patterns. These keywords are then clustered and ranked by salience to form a structured input for a GPT-4 generative model. GPT-4 then 

constructs a concise summary and forecast narrative, optimised for factual alignment and sector-specific sentiment. This approach enables 

the dynamic generation of customised reports, significantly reducing analyst workload and allowing for rapid response to evolving market 

data [6][8]. 

 

 

 

 

Fig 3. Workflow of the policy_drafting() function with summary validation 

3.7.3. Academic Research Clustering Algorithm 
To organize large corpora of academic literature into coherent themes, a hybrid unsupervised clustering algorithm was implemented. 

Documents were first vectorized using TF-IDF, and the resulting vectors were then grouped using the K-Means algorithm. The number of 

clusters and initialization parameters were optimized, and a fixed random state was used to ensure replicable results. Post-processing 

involved noise removal and cluster validation via lexical consistency scoring. This workflow, depicted in Figure 4, proved highly effective 

for identifying high-level research themes across diverse topics such as smart grids and energy storage, reflecting state-of-the-art methods 

in unsupervised text clustering for knowledge discovery [2][24]. The modularity of these three algorithmic frameworks ensures their 

adaptability, allowing institutions to deploy them across a range of analytical contexts, from policy and regulatory analysis to predictive 

modeling and scientific research. 

 

Fig 4. Workflow of the research_clustering() function using tf-idf and k-means 

4. Result and Discussion 

The study presents AI-model automation-driven operational efficiency in the three following main green energy-conceptual areas: Policy 

making, Market reports and academic researches. Leveraging transformer-based architectures trained against a domain specific corpus, our 
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system presented measurable improvements in semantic alignment, content coherence, system efficiency, and information fidelity. The 

obtained results are presented according topics, where each sub-section contains the description of use cases, with measurements of the 

corresponding percentage differences with respect to manual readings. Results support the feasibility of applying advanced NLP tools in 

the practical implementation of accelerating knowledge production and analytical synthesis with respect to sustainable energy systems. 

4.1. Results on Policy Drafting and Legislative Text Generation 

Policy generation with AI assistance realized impressive efficiency improvement and enriched semantic expressiveness for complex, law-

like texts. With GPT-4, policy products were closer to other international green energy regulations with context relevant, domain-specific 

language coherence, and knowledge framework. The system had to produce drafts based on source documents including national climate 

plans, emission reduction plans and international environmental agreements. Overall quality and productivity in policy generation 

environments of the outputs was evaluated through detailed comparison against manually created drafts using the metrics of semantic 

alignment, coherence, entity recall and factual accuracy. 

 

Fig 5. Performance evaluation of ai vs. manual methods in policy drafting 

 

Figure 5 data show a significant increase in drafting efficiency and content quality with AI. Semantic alignment flipped from 78.2% to 

93.5%, as the AI became more adept at understanding the context and meaning of policy text. Also, coherence went up, which means 

readability and structural consistency improved. Note that a 10.0 to 6.1-hour processing time reduction corresponds to a 39 % gain in 

productivity. The error rate fell by more than 50%, and the resulting drafts were more reliable. A higher Named Entity Recall score shows 

better recognition of technical references and institutional terms, fundamental for legal and energy texts. 

4.2. Results on Market Report Synthesis and Energy Trend Summarization 
The contribution of AI to the production of coherent and informative summaries of green energy market reports has been investigated. 

These reports generally include changes in regulation, trends in investment, energy- output predictions, and industry-related performance 

figures. The AI program was a mix of BERT for feature extraction and GPT-4 system for synthesis, providing crisp executive summaries 

and anticipatory analysis. Comparative analysis measured the correctness of semantics, coherence of summaries, and consistency with the 

facts in the source documents and the system's performance of trend-embedding and policy implications extraction. Performance of the 

tool was compared with manual synthesis performed by energy analysts. 

 

 

Fig 6. AI-generated market report synthesis performance 

 

Analysis demonstrates in Figure 6, that the AI system is better than humans at identifying and summarizing important trends from mixed 

report formats. Topic extraction increased from 83.1% to 91.7%, indicating that AI captures macroeconomic and regulatory themes with 

precision. The coherence score increased from 7.2 to 8.7, suggesting improvement in textual structure and language. The time of summary 

generation was significantly shortened, leading to a reduced turnaround from 8.3 to 5.1 hours. Facts inspire more consistent attention to 

numerical and statistical information. Sentiment analysis accuracy - for understanding policy tone and investor mood, achieved a significant 

lift, further intensified the interpretative value added in market report synthesis. 
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4.3. Results on Academic Research Clustering and Thematic Knowledge Mapping 
AI’s success in dealing with large-scale academic text was evaluated based on its ability to cluster research papers and extract recurring 

topics. The collection consisted of scientific articles on solar energy, electricity grid resilience, carbon neutrality, and climate change 

adaptation. The pipeline worked on the BERT embeddings and K-Means clustering for topic modelling, thematic trend analysis, and 

semantic indexing of documents. Quantitative comparison was based on the noise ratios, keyword retention, and the processing time and 

the coherence of clusters. The simulation modelled the automation of literature reviews by policy analysts, researchers and funders seeking 

to track scientific progress. 

 

Fig 7. Thematic clustering accuracy in academic research corpora 

The results in Figure 7 confirm the superiority of the AI system in massive thematic extraction. The accuracy of clustering improved from 

77.4% to 92.3%, demonstrating improved clustering and topic identification. Cluster coherence, important for semantic consistency, 

increased from 7.1 to 8.8. The noise ratio was more than halved which would imply less irrelevant or misclassified texts. Keyword 

retention, an estimate of how much the algorithm can preserve domain-specific lexicon, increased by 13.9%. There was a decrease in 

processing time as well, that could ensure scalability under time sensitive situations, such as research monitoring or strategic funding 

decisions. 

4.4. AI Performance Across Task Domains 
Final synthesis of AI performance measures is cross-referenced between policy-drafting, market-reporting and academic-clustering: for 

comparability and transferability. The examination provides a snapshot of how well artificial intelligence can generate content in accuracy, 

coherence, time effectiveness and data veracity in various fields of business. The objective is to determine to what extent NLP models are 

generalizable and can be used as enterprise solutions for sustainable energy governance, strategic planning, and institutional accreditation. 

 

Fig 8. Cross-domain performance summary of ai-driven applications 

The composite performance ratings highlight the strength and persistence of the AI systems across diverse green energy applications. Both 

accuracy and coherency scores are overall quite high – accuracy scores remained above 91% for each of the tasks, and the mean coherence 

scores are both indicative of linguistic fluency and structure. Processing times were decreased overall, with an average of 6.1 hours spent 

per task as opposed to 10+ hours, had these tasks been processed by hand. Based on the factual consistency scores we find that the AI 

models effectively maintain both quantitative and contextual correctness across outputs ranging from legal texts and academic topics to 

market data. These findings validate the readiness of the system for deployment in the institutional and industrial green energy markets. 

4.5. Algorithmic Implementation and Performance Evaluation 

In order to analyse the internal performance of every step in the AIbased workflow, six consecutive profiling stages were profiled for their 

computation times, the individual error contribution, and the percentage of relative influence in the final model. These components- 

embedding generation, prompt augmentation, draft generation, named entity validation, coherence scoring, and final output validation- 

comprise the operational nucleus in all three of our application domains. This analysis was important to ensure we could identify the 
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bottlenecks of efficiency and precision-critical phases of the different components and how each of the components contributes to the 

reliability and potency of the overall system. 

 

Fig 9. Algorithmic implementation metrics across functional stages 

 

As can be seen in Figure 9, that Draft Generation is the most important step to the final output accuracy which corresponds to the 31.7% 

of the prediction confidence of the model, even carrying the highest local error rate (1.2%) and an expensive 9.6 seconds to compute. 

Embedding Generation, though slower than Draft Generation, offers a relatively large contribution to accuracy (24.5%) but consistently 

low error rate, which confirms its vital role of a base level in semantic comprehension. Prompt Augmentation and NER-Based Validation 

play major intermediate roles (with balanced accuracy contributions: 14.8% and 12.4%, respectively), but they still have relatively higher 

local error rates, indicating potential room for improvement, such as adaptive context tuning, or retraining of the systems for the entity 

model. Last, Coherence Scoring and Final Output Validation, while using negligible time, in combination contribute to over 16% 

improvement at the output, warranting their presence for post-processing integrity. This stacked performance demonstrates that tightly 

coupled algorithm orchestration increases speed and semantic granularity universally across use cases. 

4.6. Discussion 

The findings of this study offer significant insights into the practical application of transformer-based NLP models, such as BERT and 

GPT-4, for document analysis, policy drafting, and knowledge extraction within the green energy sector. The results demonstrate a marked 

improvement over manual methods in semantic alignment, coherence, and processing efficiency, suggesting that AI systems can perform 

complex cognitive tasks with a consistency and scale that surpasses human capabilities. This section contextualizes these findings within 

the existing literature, discusses their implications, acknowledges the study's limitations, and proposes directions for future research. 

4.6.1. Interpretation of Findings and Alignment with Literature 

Our results confirm that AI is a key enabling technology for advancing the Sustainable Development Goals (SDGs), particularly in the 

energy and climate domains, a conclusion supported by Raman et al. [1]. This study builds on that framework by providing a concrete 

demonstration of how specific NLP models can operationalize these high-level objectives. Through the automated synthesis of policy drafts 

that align with sustainability criteria and the rapid analysis of market data, our work shows a practical pathway from data to SDG-aligned 

action, moving beyond theoretical potential to applied methodology. The findings also align with the observations of Velásquez et al. [2], 

who noted the maturation of AI in energy data interpretation over the last decade. While their work provided a valuable broad review of 

intelligence techniques, our research addresses a specific gap by conducting a targeted, empirical evaluation of fine-tuned transformer 

models across three critical, real-world applications. By benchmarking performance on tasks like policy drafting and market synthesis, we 

provide tangible evidence of the current capabilities of these models, offering a practical reference point for institutions considering their 

adoption. The successful deployment of these learning-based models exemplifies the broader transition away from static, rule-based 

systems in energy modeling, a shift highlighted by Rojek et al. [3]. Our models did not merely follow predefined rules but learned complex, 

domain-specific patterns from the corpus, allowing them to apply contextual understanding to synthesize novel documents with minimal 

human intervention. This dynamic learning capability is further underscored by the high thematic accuracy achieved in the clustering 

results, which supports earlier suggestions by Yousef et al. [4] that real-time AI integration is crucial for managing the high-dimensional 

and variable datasets that characterize the modern energy sector. 

4.6.2. Validation of AI-Driven Efficiency and Reliability 

This research validates the hypothesis that AI models can surpass traditional text processing techniques in both efficiency and reliability. 

The AI-driven policy drafts, for instance, not only reduced drafting time by over 39% but also demonstrated quantifiable improvements in 

coherence and the accurate recall of named entities, which are critical for legally and technically sound documents. This dual benefit of 

accelerating workflows while simultaneously enhancing the quality of the output represents a significant value proposition for resource-

constrained organizations. These efficiency gains are consistent with the trajectory of "Green AI," as reviewed by Verdecchia et al. [6], 

which emphasizes the development of energy-efficient model architectures that still deliver high analytical value. Our study contributes to 

this field by showing that through careful fine-tuning and a well-structured pipeline, it is possible to achieve state-of-the-art results without 

requiring cost-prohibitive computational resources for every task. This demonstrates a path toward more sustainable AI applications that 

balance performance with computational and environmental costs. Furthermore, the low noise ratio and high keyword retention observed 

in the thematic clustering task provide strong evidence of the models' reliability in knowledge extraction. This aligns with the work of Boza 

and Evgeniou [8], who suggested that AI can contribute to a deeper, system-wide understanding of renewable energy integration. By 
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accurately identifying and grouping core research themes, the AI system effectively creates a structured map of the academic landscape, 

allowing researchers and policymakers to discern the inter-system stimuli and connections between different areas of innovation. 

 

4.6.3. Limitations of the Study 

Notwithstanding these encouraging results, several limitations must be acknowledged to provide a balanced perspective. First, while fine-

tuning was effective on our corpus, the models may exhibit or perpetuate biases present in their training data when transferred to different 

domains or languages, a concern prominently echoed by Verdecchia et al. [6]. The "black-box" nature of large models like GPT-4 also 

presents a significant challenge for interpretability. As López et al. [9] noted, this opacity can hinder trust and adoption in policy contexts 

that demand clear traceability and legal accountability for decisions. Second, the study's corpus was restricted to English-language 

documents, which inherently limits the multilingual generalizability of our findings. This reflects the broader challenges in policy-related 

NLP identified by Kramer et al. [25], where linguistic diversity is a significant hurdle, especially in global governance where policy 

documents are produced in multiple official languages. Additionally, the under-representation of certain niche subfields within our corpus, 

such as indigenous energy systems or informal energy economies, may have affected the thematic inclusivity of the clustering results, 

potentially overlooking important areas of knowledge [26][27]. Finally, our methodology relied on certain fixed parameters, such as the 

static threshold values for K-Means clustering, which may not be optimal for highly heterogeneous domains and could lead to overfitting. 

This points to the need for more adaptive frameworks, as cautioned by Adewale et al. [5] in the context of sustainable construction. 

Moreover, while the reliability scores for the generated text were high, validating the factual accuracy of AI-generated summaries in real-

time, especially when they involve forecasts or prognoses, remains a significant challenge, as highlighted by Park et al. [28]. 

4.6.4. Broader Implications and Future Directions 

These findings illustrate the disruptive potential of AI for knowledge management within energy-focused institutions. For public sector 

organizations creating decarbonization roadmaps or private-sector analysts interpreting market projections, AI provides a means to 

automate knowledge work at an unprecedented scale. However, this powerful capability must be integrated with ethical vigilance, deep 

domain expertise, and sufficient infrastructural readiness to ensure its application is both meaningful and equitable. Future work should 

focus on enhancing the contextual awareness of these models, particularly for complex regulatory or legal tasks. One promising avenue is 

the incorporation of domain-specific ontologies and knowledge graphs directly into the model training process. Furthermore, generalizing 

the pipeline to handle multimodal data such as combining textual analysis of policy documents with data from satellite imagery, audio 

from stakeholder hearings, or logs from IoT sensors could significantly enrich the representational power and analytical depth of AI systems 

for energy governance [29][30][31]. Ultimately, longitudinal research is needed to track the real-world impact of these tools on institutional 

decision-making over time. Developing dynamic feedback mechanisms that allow models to be automatically refreshed and improved 

based on human evaluation would create a virtuous cycle of human-AI collaboration. The long-term vision is not for AI to supplant human 

judgment in energy policy, but for it to act as a symbiotic extension that enhances analytical capacity, accelerates workflows, and enables 

a more sophisticated, data-informed approach to governance for a sustainable future. 

5. Conclusion  

This study successfully demonstrated the integration of state-of-the-art NLP models, specifically BERT and GPT-4, into critical green 

energy applications. Through methodologically controlled experimentation, we have shown that transformer-based architectures provide 

an effective solution for managing the large-scale, semantically complex textual data that characterizes the sustainable energy sector. Our 

findings confirm that AI models can not only comprehend and generate contextually relevant content but can also significantly outperform 

manual methods in efficiency, coherence, and accuracy. The practical implications of this research are substantial. The AI-driven systems 

proved to be reliable analytical collaborators, capable of accelerating policy-making, market intelligence, and scientific knowledge 

discovery. By dramatically reducing the time and cognitive burden on human analysts, these tools represent a transformative step forward 

in managing the information overload faced by governments, companies, and research institutions. This work provides a scalable and 

extensible framework that establishes a clear link between unstructured data and informed, structured decision-making, thereby promoting 

operational resilience and strategic agility in the pursuit of sustainability. Our research also underscores the importance of responsible AI 

development. By emphasizing corpus design, data integrity, and application-guided validation, this study offers a blueprint for building 

trustworthy AI systems for public-interest domains. Looking forward, future research should focus on enhancing these models with 

multimodal data streams, improving explainability, and incorporating domain-specific ontologies to increase regulatory fidelity. 

Longitudinal studies are also needed to assess the long-term institutional impact of these technologies. Ultimately, this work positions AI 

not as a replacement for human expertise, but as a powerful symbiotic tool to augment analytical capacity and advance a data-informed 

governance model for a sustainable energy future. 

References  

[1] Raman, R., et al. Navigating the Nexus of Artificial Intelligence and Renewable Energy for the Advancement of Sustainable 

Development Goals. Sustainability, 2024. 16, DOI: 10.3390/su16219144. 
[2] Velásquez, J.D., L. Cadavid, and C.J. Franco Intelligence Techniques in Sustainable Energy: Analysis of a Decade of Advances. 

Energies, 2023. 16,  DOI: 10.3390/en16196974. 
[3] Rojek, I., et al. AI-Based Computational Model in Sustainable Transformation of Energy Markets. Energies, 2023. 16,  DOI: 

10.3390/en16248059. 
[4] Yousef, L.A., H. Yousef, and L. Rocha-Meneses Artificial Intelligence for Management of Variable Renewable Energy Systems: A 

Review of Current Status and Future Directions. Energies, 2023. 16,  DOI: 10.3390/en16248057. 
[5] Adewale, B.A., et al. A Systematic Review of the Applications of AI in a Sustainable Building’s Lifecycle. Buildings, 2024. 14,  

DOI: 10.3390/buildings14072137. 



 

International Journal of Engineering, Science and Information Technology, 5 (2), 2025, pp. 628-637 637 

 

 

[6] Verdecchia, R., J. Sallou, and L. Cruz, A systematic review of Green AI. WIREs Data Mining and Knowledge Discovery, 2023. 

13(4): p. e1507. 
[7] Stecyk, A. and I. Miciuła Harnessing the Power of Artificial Intelligence for Collaborative Energy Optimization Platforms. Energies, 

2023. 16,  DOI: 10.3390/en16135210. 
[8] Boza, P. and T. Evgeniou, Artificial intelligence to support the integration of variable renewable energy sources to the power system. 

Applied Energy, 2021. 290: p. 116754. 
[9] Lopez, V., et al., Envisioning a Human-AI collaborative system to transform policies into decision models. arXiv preprint 

arXiv:2212.06882, 2022. 
[10] Chen, C., et al., Artificial intelligence on economic evaluation of energy efficiency and renewable energy technologies. Sustainable 

Energy Technologies and Assessments, 2021. 47: p. 101358. 
[11] Rafiq, M., et al. A Study on Emerging Management Practices of Renewable Energy Companies after the Outbreak of Covid-19: 

Using an Interpretive Structural Modeling (ISM) Approach. Sustainability, 2021. 13,  DOI: 10.3390/su13063420. 
[12] Szczepaniuk, H. and E.K. Szczepaniuk Applications of Artificial Intelligence Algorithms in the Energy Sector. Energies, 2023. 16, 

DOI: 10.3390/en16010347. 
[13] A. D. Buchdadi and A. S. M. Al-Rawahna, “Temporal Crime Pattern Analysis Using Seasonal Decomposition and k-Means 

Clustering,” Journal of Cyber Law, vol. 1, no. 1, pp. 65–87, 2025, doi: 10.63913/jcl.v1i1.4. 
[14] M.-T. Lai and T. Hariguna, “Analyzing Company Hiring Patterns Using K-Means Clustering and Association Rule Mining: A Data-

Driven Approach to Understanding Recruitment Trends in the Digital Economy,” Journal of Digital Society, vol. 1, no. 1, pp. 20–

43, 2025, doi: 10.63913/jds.v1i1.2. 
[15] A. B. Prasetio, M. Aboobaider, and A. Ahmad, “Machine Learning for Wage Growth Prediction: Analyzing the Role of Experience, 

Education, and Union Membership in Workforce Earnings Using Gradient Boosting,” Artificial Intelligence in Learning, vol. 1, no. 

2, pp. 153–172, 2025, doi: 10.63913/ail.v1i2.12. 
[16] Miklosik, A., N. Evans, and A.M.A. Qureshi, The Use of Chatbots in Digital Business Transformation: A Systematic Literature 

Review. IEEE Access, 2021. 9: p. 106530-106539. 
[17] Andrès, H., A. Boumezoued, and B. Jourdain, Signature-based validation of real-world economic scenarios. ASTIN Bulletin, 2024. 

54(2): p. 410-440. 
[18] D. Sugianto, R. Arindra Putawa, C. Izumi, and S. A. Ghaffar, “Uncovering the Efficiency of Phishing Detection: An In-depth 

Comparative Examination of Classification Algorithms,” International Journal for Applied Information Management, vol. 4, no. 1, 

pp. 22–29, 2024, doi: 10.47738/ijaim.v4i1.72. 
[19] A. M. Wahida, T. Hariguna, and G. Karyono, “Optimization of Recommender Systems for Image-Based Website Themes Using 

Transfer Learning,” Journal of Applied Data Sciences, vol. 6, no. 2, pp. 936–951, 2025, doi: 10.47738/jads.v6i2.671. 
[20] Singh, S. and A. Mahmood, The NLP Cookbook: Modern Recipes for Transformer Based Deep Learning Architectures. IEEE 

Access, 2021. 9: p. 68675-68702. 
[21] Klaiber, J. and C.V. Dinther, Deep Learning for Variable Renewable Energy: A Systematic Review. ACM Comput. Surv., 2023. 

56(1): p. Article 1. 
[22] H. T. Sukmana and L. K. Oh, “Using K-Means Clustering to Enhance Digital Marketing with Flight Ticket Search Patterns,” Journal 

of Digital Market and Digital Currency, vol. 1, no. 3, pp. 286–304, 2024, doi: 10.47738/jdmdc.v1i3.22. 
[23] Z. Tian, Z. Lu, and Y. Lu “Investigation into Data Mining for Analysis and Optimization of Direct Maintenance Costs in Civil 

Aircraft Operations,” International Journal of Informatics and Information Systems, vol. 7, no. 1, pp. 35–43, 2024, doi: 

10.47738/ijiis.v7i1.190. 
[24] Choudhary, S., et al. An Evaluation of AI-Driven Data Mining Techniques for Large-Scale Data Processing. in 2023 3rd International 

Conference on Smart Generation Computing, Communication and Networking (SMART GENCON). 2023. 
[25] Kramer, M.A., A. Leavens, and A. Scarlat, Harnessing AI for efficient analysis of complex policy documents: a case study of 

Executive Order 14110. arXiv preprint arXiv:2406.06657, 2024. 
[26] Y. I. Sarira, Syafaruddin, I. C. Gunadin, and D. Utamidewi, “Modeling and Control of a Based Extreme Learning Machine as 

Distributed Setpoint for the HEPP Cascade System in a Nickel Processing Plant,” Journal of Applied Data Sciences, vol. 5, no. 2, 

pp. 628–635, 2024, doi: 10.47738/jads.v5i2.211. 
[27] D. Mashao and C. Harley, “Cyber Attack Pattern Analysis Based on Geo-location and Time: A Case Study of Firewall and IDS / 

IPS Logs,” Journal of Current Research in Blockchain, vol. 2, no. 1, pp. 28–40, 2025, doi: 10.47738/jcrb.v2i1.26. 
[28] Park, J., et al., Reduced detection rate of artificial intelligence in images obtained from untrained endoscope models and improvement 

using domain adaptation algorithm. Frontiers in Medicine, 2022. Volume 9 - 2022. 
[29] Olmedilla, M., Romero, J., Martínez-Torres, R., Galván, N., & Toral, S., Evaluating coherence in AI-generated text. 6th International 

Conference on Advanced Research Methods and Analytics. CARMA - International Conference on Advanced Research Methods 

and Analytics 2024. 
[30] U. Rahardja and Q. Aini, “Analyzing Player Performance Metrics for Rank Prediction in Valorant Using Random Forest: A Data-

Driven Approach to Skill Profiling in the Metaverse,” International Journal Research on Metaverse, vol. 2, no. 2, pp. 102–120, 

2025, doi: 10.47738/ijrm.v2i2.26. 
[31] F. Cheng, T. Sangsawang, M. Pigultong, and W. Watkraw, “Data-Driven Development of an Elderly Training Package Using the 

GCC Model,” Journal of Applied Data Sciences, vol. 6, no. 1, pp. 773–787, 2025, doi: 10.47738/jads.v6i1.662. 

https://doi.org/10.63913/jcl.v1i1.4
https://doi.org/10.47738/ijaim.v4i1.72

